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What is exploration?

Intrinsic motivation:

- Reducing the agent’s uncertainty over the environment’s dynamics.

[Plan] p (st+1/6¢, at; 0)
p(0)
[VIME] p(st41lseai;0)

[CTS]
Count-based

- Use (pseudo) visitation counts to guide agents to unvisited states.



Why exploration useful?

DEMO Sparse Reward Problem
Montezuma’s revenge

DQN DQN + Exploration bonus

Our original plot & demo

Z-axis Intrinsic Reward



Related work (Timeline)

The notion of Intrinsic L2 prediction error Pseudocount + Pixel CNN Ps.eudoc_ount in 2016
Motivation using neural networks still achleve:s SOTA for"
Montezuma'’s revenge
2010 Formal Theory 2015 Incentivizing 2017 Count-Based 2019 On Bonus
of Creativity, Fun, Exploration In Exploration with Based Exploration
and Intrinsic Reinforcement Neural Density Methods In The
Motivation (1990- Learning With Deep Models Arcade Learning
2010) Predictive Models Environment
2011 2016 2018 Exploration by
PLAN VIME CTS Random Network
. . Distillation
Bayesian Approximate Pseudocount Distillation error as a
Optimal “PLAN" exploration

Exploration quantification of uncertainty
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[PLAN] contribution

Dynamics model P (se41&t, ar; 0)
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[PLAN] Quantify “surprise” with info gain
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[PLAN] 1-step expected information gain

“1-step expected info gain”  “expected immediate info gain”

Es.ii~P(lgrar) [DrL P (018 at, se41) | (016:)]
0l&, as, s
= ZP(5t+1|€t,at)/p(@]ft,at,sHl)logp( I'ft t t+1)d9

2 (0]€) NOTE: VIME uses this as the
St41 p(ores,BlEs, 01 Intrinsic reward!
_ i qe * log t+1> ty Ut de
SZ/P(SHL &, a¢) log p (016) p (5t ar)
t+1 ~——
P(Q‘Etwat)

=1 (S4+1:0&, ar)

“Mutual info between next state distribution & model parameter”



[PLAN] “Planning to be surprised”

Cumulative rsteps info gain

Curious Q-value

q; (é-t? a’t) — Est+1,a.t+1,st+2.---a.t+f,st+7+1|§t,at DKL [p (Ql‘ffﬁ a’t‘,\ St—f—l" a’f—f—l" e 3a‘t+7'7 St—f—T—l—l) Hp (9’61‘)]

Follow a policy ~ “Planning tau steps” Perform an action

because not actually
observed yet



[PLAN] Optimal Bayesian Exploration policy

[Method1] Computing optimal curiosity-Q backwards for tau steps
qT (gta at) - E8t+l|£tsat [DKL [p (9|£t~ at, 3t+1) Hp (0’&)“ + E3t+l|‘£tsat [I(Ei'i(qq-_l ((gta at, 3t+1) 3a't—|—1)]

[Method?2] Policy Iteration

Policy evaluation

(U771: (gt) - Eat|£t [E8t+1|§t,at [DKL [p (0|£t1 g, ‘St—l-l) ”p (9’515)] + /U;_l (gta Ay, St—i-l)]]

Repeat applying

Policy improvement

w7 (&) = argmaxq” (&, a;) :



[Plan] Non-triviality of curious Q-value

Cumulative information gain fluctuates!
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Info gain additive in expectation!
10
Eeie, [P [p (018 1P (01€0)]] = Drcr [p (016:) [P (0160)] + By, [Drcr [p (015 [1p (61€7)]] g ol
5
2
T 6l
-
X
. 4 i
Cumulative =Sum S
2t mmmmmmmmmmTTTT
D Ip (616 |lp (01€)] # Drcr [p (616) [1p (01€0)] + D [p (61€7) |Ip (61€7)] i

0 100 200 300 400 500 600 700 800 900 1000
number of samples



[Plan] Results
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[Plan] Results
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[VIME] contribution

Dynamic p (3t+1 |Stv at, 9)
s model
0(q(0:6),5¢)
Varlatlona_l inference ¢’ = arg min [DKL [q(0; D) 1a(0; P¢—1)] —Eoq(;0) log p(5¢|&e, ar; 0)] }
for posterior ¢ e (200:0))

distribution of
dynamics model

1-step exploration bonus (8t aty St41) < 1(St,ar) +nDxi[q(0; ¢y,1) | 9(6; dnt1)]



[VIME] Quantify the information gained

Reminder: PLAN cumulative info gain

KL(p(0&)||p(01€¢))

ft — (817a1782aa’27 <o '781;)

DxL|p(0|&t, at, st+1) || p(0]&¢)]



[VIME] Variational Baves
What's hard? (\fuv) o (J/,()[(v)\(b)

Computing posterior for highly parameterized models (e.g. neural networks)

Approximate posterior a(0:¢) ~p(0lé.ars.41) by minimizing Drr lq(0;9)|p (0], at, Se41)]

€(q(6;9),5¢)
Minimize negative ELBO & = arg(;nin [?KL[C](Q; O 19(6; d1—1)] —Eonq(i0) log p(si &, as; Q)H

EKL(f;(r@:,cb))




\VIME] Optimization for variational hayes

How to minimize negative ELBO? £(q(0;9),s¢)

Take an efficient single second-order
(Newton) update step to minimize Agp = H 1 (0)V 4l(q(0; 0), s¢)
negative ELBO:



\VIME] Estimate 1-step expected info gain
What's hard?  Es,,,~P((¢..a0) | DxLP(0|E2, ar, si41) || p(0]E4)]]

Computing the exact one-step expected info-gain. High-
dimensional states

— Monte-carlo estimation.

ay ~ To(St)  Sit1 ~ P(|st,a¢)

' (se,at, Se41) = r(s¢, a¢) + nDxu[p(0)&e, at, se41) | p(0]€)]



[VIME] Results (Walker-2D)

Dense reward

RL algorithm: TRPO

A C RC

Average extrinsic return
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TRPO+VIME (1019.0)
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Figure 3: Performance of TRPO
with and without VIME on the
high-dimensional Walker2D lo-
comotion task.



[VIME] Results (Swimmer-Gather)

A C R?

Sparse reward

RL algorithm: TRPO

Collect green balls (+1 reward), avoid

e mTy

The sensors have limited range.
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Figure 5: Performance of
TRPO with and without VIME
on the challenging hierarchical
task SwimmerGather.
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[CTS] contribution

States Density model

Pseudo-count

1-step exploration
bonus

Rf(x,a):

pn(T)

N (z) = pn (@) (1 — ply(2))

P () — pn(T)

B(N,(z) +0.01)~1/2



[(TS] Count state visitation

i,?\,.T.n' (;'17) Empirical count

Empirical distribution fn () := p(x; x1.9) :=

These two are different states!

But we want to increment
visitation counts for both when
visiting either one.

Pixel difference



[CTS] Introduce state density model

pn( ) — P( Ly L. n) pn(x) = pla; T1n7)




How to update CTS density model?

Check the “context tree switching” paper!

This was the difficulty of reading this

paper as it only shows a bayes rule

update for mixture of density models
wy (p) p (5 21:0)

Remark: For pixel-cnn density
model in “Count-based
o e exploration with neural density

Wn( ax) = "o
n 2t /EM wn (9) p (2 20) dp model”, just backprop.

p(ylz)

NS >

p?;)



https://arxiv.org/abs/1111.3182

[CTS] Derive pseudo-count from density model

pseudo-count function N, (x)

pseudo-count total n

Two constraints: e Nn(;p) Do Nn_(:l.) +1
Linear system ,0-,,,(.1..) — A Pn(l) = A1

Solve linear system

pn(2)(1 — py(2))
P (x) — pn(z)

Pseudo-count derived! N, (1’) =



[CTS] Results (Montezuma's Revenge)

£
State: 84x84x4 S 4,000
# Actions: 18

RL algorithm: Double DQN

No bonus With bonus
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Deriving posterior dynamics model/ density mode|

PLAN VIME cTS

Bayes rule Variational inference Bayes rule

P (Q’*/&ru) P (;/ ,:\H/) £(q(0:0),5¢) Wn (p) P (l’, $1:n>
<\H/ -*‘z+1) _ v M y ¢ = arg;nin [DKL[qw; &)1 q(0; 1—1)] —Eong(-10) [log p(s¢[&t, as 6)}] p(vy) p(xv|y)
~
p <v> o) wn (p,x) =
wn, (p) p (T321:0) dp
p(ylz)
peEM

N J

p?;)



Derive exploratory policy

Policy trained with the reward augmented by intrinsic reward.

[VIME] 1-step Information gain Intrinsic reward — DKL[p(Qlft, a, St41) HP(Q\&)]
. 1 R n 1— o
[CTS] Pseudo-count Intrinsic reward = - Nn (3?) — P Ea:)( pn('r))
N (2) Pu(x) = pu()

[PLAN] Directly argmax(curiosity Q)



Pseudo-count VS Intrinsic Motivation

wn, (p) p(T;21:0)
S———

Mixture model p(y)  plely)
Wn (p? .I) =
Wn (p) P (.I', xl:n) dﬂ
p(y|z) \/pEM )
pE;)

IG, (z) :=1G(x; x1.,) := KL(wn(-, z) || ’wn)

“Unifying count-based exploration and intrinsic motivations”!

IG,(x) < Nn (x)_l/2



Limitations & Future Directions

PLAN — Intractable posterior & use dynamics model for expectation

VIME

CTS

Difficult to be scaled outside Tabular RL.

— Currently maximize sum of 1-step info gain.

— which density model leads to better generalization over states?

Learning rates of policy network VS Updating dynamic
model/density model.



Thank you!

(Appendix)



Our derivation for “Additive in expectation”

Epninry g (B'|R) = Epenrinry KL (p (O1R") |[p (6]h))]

9|h//)
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// (h"|W) p (6]R") 61 5 (0 dodh
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) " /
17 /7 h
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= g (W'||h) + Eprnry g (B]|R)
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